We have recently developed a theoretical means of studying the mechanical and interaction properties of nucleic acids as a function of their base sequence. This approach, termed ADAPT, can be used to obtain the physical properties of millions of base sequences with only modest computational expense. ADAPT is based on a multi-copy algorithm using special nucleotides ("lexides") containing all four standard bases whose contribution to the energy of the molecule can be varied. We present here a deeper study of the energy minima which occur in the multi-dimensional space defined by these variable sequences. We also present an extension of the approach termed "gene threading" which enables us to scan genomic sequence data in an attempt to locate preferential binding sites. This technique is illustrated for the case of TATA-box protein binding.
INTRODUCTION
We are attempting to develop an alternative solution to this problem which retains an all-atom model of DNA and does not assume that sequences will be built up from overlapping fragments. In a recent publication [5] we have described how base sequence can be made variable within an all-atom model by constructing the DNA with special nucleotides which contain all four standard bases. By varying coefficients which control the presence of each such base, it is possible to optimize sequences in the same way that molecular mechanics is generally used to optimize molecular conformations. We have already used this methodology to show that we can rapidly find sequences which favor given DNA conformations or given DNA interactions. The specific examples we have already treated involved the B-Z transition, intrinsically curved DNA sequences and simple ligand binding [5] .
Over the last few years whole genome sequencing has provided biologists with an unprecedented amount of data on an increasingly wide variety of living organisms. However, much of the information contained in these data still remains to be extracted and developing the tools necessary for this extraction represents one of the major challenges facing both bioinformatics and theoretical biochemistry today. While certain features of genome sequences, such as coding regions, are relatively easy to identify, the control regions linked to transcription factors binding are much more difficult to find [1] , and we have chosen to focus on this problem.
The fact that many such factors have poorly defined consensus sequences suggests that if we are to identify their binding sites it will be necessary to go beyond simple sequence motif searches and to calculate the mechanical or even dynamic properties of the targeted base sequences [2] . Such data would also be useful for understanding how DNA is packaged within the cell and how it responds to mechanical or topological stress. Although detailed molecular simulations have reached the stage where such properties can be predicted for short fragments of DNA [3] , we are faced with the difficulty of obtaining the necessary data sufficiently rapidly to be able to predict the properties of sequences containing many millions of base pairs in reasonable computation times. This difficulty has led to most attempts in this direction being limited to empirical approaches where predictions are based on tables of, hopefully, additive, dinucleotide or trinucleotide properties [2, 4] .
We now turn to the genetically more important problem of protein binding. To demonstrate the possibilities of our new approach we have chosen the TATA-box binding protein (TBP) which, as part of the transcription factor TFIID, plays a crucial role in forming the transcription initiation complex in eukaryotic organisms [6] . We will limit ourselves here to studying the sequence dependence of the structural deformation induced in DNA when TBP binds. However, this is known to be an important aspect of the TBP complexation, both because the deformation is large and because the protein forms only few direct recognition contacts between its amino acid side chains and the bases constituting its target site. Indeed both experimental [7] [8] [9] and theoretical studies [10] [11] [12] [13] have already shown that TBP affinity for a given site can be related both to the intrinsic conformation and to the dynamic properties of the base sequence forming the site. Specifically, TBP binds on the minor groove face of DNA, dramatically opening this groove, compressing the opposing major groove and bending the DNA by almost 100° away from the protein [14] [15] [16] [17] . These changes are favored either by sequences which are already bent in the correct direction or which are sufficiently flexible to deform in the desired way. and G to 0.5, we can calculate with a canonical purine nucleotide (R). Alternatively, setting all the lexide coefficients to 0.25 creates an average nucleotide (N) where all sequence effects are averaged out.
We demonstrate in this article how our approach can be used to locate such sequences by energy minimization or by combinatorial sequence searches. We also show that we can search for likely binding sites within genomic sequences using a technique related to so-called "threading". In the protein field, "threading" is used to identify the 3D folds which are likely to be adopted by unidentified amino acid sequences [18] . We also make a more detailed study of the energy hypersurface in what we can term "sequence space". The results obtained show that TBP binding sites are indeed strongly related to DNA deformation properties and also suggest that this new technique may become an important tool for locating a range of protein binding sites.
One may imagine energy minimizing a base sequence simply using the lexide coefficients as variables. However, this would imply changing the chemical composition of the molecule being studied and would make energy minimization impossible since molecular mechanics force fields calculate conformational rather than formation energies. It is however possible to overcome this objection by comparing two different states of the same molecule, for example, two different conformations. In this case energy minimization in sequence space becomes possible and should locate the sequence which will minimize the energy difference between the two conformations in question.
JUMNA is used to create the two conformations we wish to compare. In the case of the present study our aim was to locate sequences favoring TBP binding. We therefore used a target conformation deformed to create a TBP binding site and a canonical B-DNA reference conformation. Both conformations were built with lexides and were energy minimized using an "average" base sequence, where all lexide coefficients have been set to 0.25. This guarantees that the resulting conformations are sterically compatible with all possible base sequences. To create the TBP binding site we used the CONTACT program [21] which restrains the atoms of DNA belonging to the experimental protein-DNA interface to adopt the same relative positions in the model DNA as they do in the experimental complex. In this case, we used the 1.9 Å resolution crystallographic conformation of the Human TATA-box binding protein with a 16 nucleotide long DNA fragment [17, PDB reference 1CDW] . DNA atoms belonging to the protein-DNA interface were defined using a 3.5 Å cutoff between pairs of DNA and protein atoms, and the relative positions of the interface atoms were permitted to move within spheres of 0.4 Å radius to allow for the limited flexibility of the JUMNA internal coordinate model and for small imprecisions in the experimental data. This procedure creates what can be termed a "molecular mold" which can then be applied to any fragment of DNA. We have used this flexibility to create a TBP binding site within three DNA fragments containing respectively 10, 16 and 24 base pairs. In each case, the binding site is centered within the fragment, occupying respectively base pairs 2-8, 5-11 and 9-15. The non-hydrogen atoms forming these base pairs have RMS fits to the crystallographic data of roughly 1 Å, and the subset of interface atoms have RMS fits of roughly 0.4 Å.
METHODOLOGY
The starting point of our methodology is the creation of special nucleotides, termed lexides, which contain all four bases thymine (or uracil for RNA), cytosine, adenine and guanine (T or U, C, A, G) linked to a single sugar C1' atom [5] . Since our calculations are carried out in an internal coordinate framework where nucleic acid flexibility is limited to single bond torsion angles and sugar and backbone valence angles [19, 20] , the bases are rigid bodies (with the exception of the thymine C5 methyl torsion) and they remain superposed throughout the procedure.
Lexides are incorporated into energy calculations by attributing a variable coefficient C ik to each base k belonging to lexide i. These coefficients, which are normalized for each lexide (Σ k=1,4 C ik = 1), determine the contribution of each base to the total energy of the molecule by simply multiplying each of the normal energy terms in the force field. Therefore, if a given pairwise interaction involves a lexide base atom and a backbone atom (or any atom belonging to a normal nucleotide), two lexide base atoms, the energy term will be multiplied by two different coefficients. It should be noted that bases belonging to the same lexide do not interact. It is also possible to simplify the treatment of base pairs by only allowing paired bases within the corresponding pair of lexides to interact and by using a single set of coefficients (each base being coupled with its complementary base) for this lexide pair. Note that the latter approach is only slightly different from that described in our earlier publication [5] , but it allows faster calculations and avoids the need for a special energy normalization constant in the case of paired lexides.
Following energy minimization, we create energy matrices describing the optimal conformations. These matrices group together all energy terms which are multiplied by two, one or no lexide coefficients. Thus, all the phosphodiester backbone atom interactions are stored in a single element which is independent of the lexide coefficients. Base (lexide)-backbone interactions become the diagonal of the matrix, whose dimension is equal to the number of lexides in the DNA fragment. Finally, base-base interactions form the upper triangle of the matrix. Note that since each lexide contains four bases, the matrix is 16
Lexides have been added to the nucleotide library used by the JUMNA program which can energy minimize the conformation of nucleic acids using a combination of helical and internal coordinates [19, 20] . When they are included in a DNA or RNA molecule, it becomes possible to study a new range of sequence effects. If, for a given lexide, we set a single coefficient to 1.0, the others becoming 0.0 by the normalization condition, we have simply created a standard nucleotide. If, on the other hand, we set the coefficients of A elements in depth for off-diagonal elements, these elements containing the energies of individual base-base interactions : TT, TC, TA, TG, AT, ...., GG. The diagonal elements of the matrix are 4 elements in depth (one for each of the lexide bases, T, C, A and G).
in turn each of the 4 N sequences which can be built up from N base pairs. This number rises exponentially with N, being roughly 10 6 for 10 base pairs, 4.3 x 10 9 for 16 base pairs and 2.8 x 10 14 for 24 base pairs. However, given the speed of the energy calculations in ADAPT, it is possible to compare all possible sequences up to roughly 16 base pairs in length in modest computer times (building and testing a million sequences takes less than 5 seconds on a 500 MHz PC workstation running Linux). Beyond this limit, it is still possible to find a limited number of the lowest (or highest) energy sequences by using the energy approximation described above and by breaking down the combinatorial problem into steps, making a full combinatorial solution for overlapping sequence blocks and then only using a percentage of the lowest (or highest) energy solutions of the blocks for testing possible sequences for the full fragment.
These matrices are used by a new program, ADAPT [5] , to finally carry out energy minimization in sequence space. The variables for this procedure are the lexide coefficients. They specify the base sequence which will be common to both the target and reference DNA conformations. Note that this sequence may be made up of "pure" (that is, with a single lexide coefficient equal to 1.0, the others being 0.0) or "mixed" bases depending on the lexide coefficients. For any given set of coefficients the energy of each DNA conformation can be calculated by simply multiplying the matrix elements by the appropriate coefficient and summing the results. Similarly, the energy difference between the two conformations, which constitutes the target function for the minimizer, can be obtained quickly by subtracting the two matrices before multiplying by the coefficients and summing.
The second approach can be termed gene threading and consists of calculating the energy difference between the target and reference conformations for all positions along the experimentally determined sequence of a whole genome or genome fragment. In effect the experimental sequence is "threaded" through the test conformations of our DNA fragments. Once again, the speed of energy calculations in ADAPT make it possible to deal with sequences many millions of base pairs in length and to produce "spectra" of the corresponding energy variations.
Note that it is possible to break the total energy of a conformation down into a set of terms which include the internal and backbone interaction energy of the lexide (or lexide pair) in question plus half the interaction of this lexide with the other lexides in the molecule. If it can be shown that a given lexide (or lexide pair) only interacts significantly with a certain number of its neighbors, then these terms can be pre-calculated and stored for all possible base sequences and used to further speed up total energy calculations. Thus, if, for example, a given lexide only interacts significantly with two lexide pairs on either side (see results section), then it will only be necessary to calculate the energies of each lexide pair within the fragment studied for 4 5 = 1024 sequences.
RESULTS
We will now discuss the application of our procedure to finding the optimal sequences for binding TBP. The calculations have been performed with three pairs of target and reference conformations containing respectively 10, 16 and 24 base pairs (built from 'N' lexides). In each case the reference conformation is an energy minimized B-DNA, while the target conformation is a B-DNA deformed so as to contain a Human TBP binding site conformation [17] at its center (see methodology). The energy matrices generated using JUMNA for these three pairs of conformations are used for energy minimization, combinatorial scans and for several examples of gene threading.
Even without this approximation, ADAPT allows that the energies for different (pure or mixed) base sequences can be calculated very rapidly. This also means that it is easy to obtain the analytical derivatives of the energy with respect to the base coefficients. However, it is necessary to respect the normalization condition for the coefficients of each lexide during minimization and the requirement that all C ik ≥ 0. This is done by creating a new set of variables V ik which are used to calculate the lexide coefficients C ik as V ik 2 / Σ k=1,4 V ik 2 and automatically respect both requirements. The derivatives used by the minimizer must therefore be converted from δE/δC ik to δE/δV ik . It should be noted that the δE/δV ik derivatives become identically zero for any pure base sequence. In order to better characterize these stationary points on the energy surface, we have calculated the second derivatives of the energy. The resulting Hessian matrix can be diagonalized to obtain the eigenvalues whose signs define the presence of a minimum, a maximum or of saddle points in various dimensions.
(i) Energy Matrices
Before discussing the actual search for TBP binding sites, it is worth saying a few words about the contents of the energy matrices generated by JUMNA. We will ignore the diagonal terms which include interactions between given lexides and the phosphodiester backbones of DNA. The remaining off-diagonal terms concern interactions between the bases of two lexides (or, in the present case, lexide pairs). A rapid inspection of these terms show that the elements involving neighboring base pairs are typically around 10 Kcal/mol. These values drop to roughly 1 Kcal/mol for second nearest neighbors and to around 0.02 Kcal/mol for third nearest neighbors. Beyond this point, values decrease only very slowly. If we look at the energy range as a function of sequence within any of these elements, we find roughly 2 Kcal/mol of variation for nearest neighbors, 0.2 Kcal/mol for next nearest neighbors and In addition to carrying out energy minimization there are two other ways to study sequence effects with ADAPT. Both of these approaches are limited to pure base sequences but have important applications. The first involves a combinatorial scanning of all possible sequences. This simply means setting the lexide coefficients so as to generate almost no variation for third neighbors. These results clearly imply that interactions beyond third nearest neighbor base pairs are of negligible importance for the energy model we are presently using.
largest energy variations as a function of sequence. These pairs correspond to the position of the TBP binding site (delimited by the arrows shown in the figure) and they consequently undergo the largest changes in conformation between the reference and target conformations. Second, within the target site, we can see smaller variations for pairs 4,5 and 8 suggesting that they will play a lesser role in determining the best binding sequences. Third, if we sum the total sequence dependent energy variations for the 8 pairs of the binding site we obtain roughly 50 Kcal/mol, suggesting that this will be an upper limit for the energy variations which will be observed of any sequences tested against these target and reference conformations. We will see from the results below that these deductions are justified.
It was mentioned in the methodology section that it is possible to divide the energy of a given DNA conformation containing N lexide pairs into a set of N lexide pair contributions. We can similarly sub-divide a deformation energy between the TBP target conformation and the B-DNA reference conformation into a set of lexide pair contributions, where each of these contributions takes into account the changes in the energy of the pair itself plus half the changes in its interaction energy with the rest of the DNA fragment. These contributions are naturally a function of the lexide coefficients. If we limit ourselves to pure sequences and, on the basis of the discussion above, to interactions with only two base pairs on either side of our chosen pair, then there are a total of 4 5 = 1024 possible sequences to calculate.
(ii) Energy Minimization and Combinatorial Scanning
It is first remarked that by using an average (N) lexide sequence for the target and reference conformations we can calculate a sequenced average DNA deformation energy for If we now carry out energy minimizations, we obtain the results shown in Table (1) . Each of the three pairs of target and reference conformations lead to "pure" sequences in roughly 200-300 cycles of conjugate gradient minimization. The energy gain during minimization ranges from 21.5 It is also possible to find the worst possible sequence for each of our test fragments by simply reversing the order of Fig. (2) . Histogram of the deformation energy distribution obtained after a combinatorial search of all the 4.29 x 10 9 possible sequences for the 16 bp fragments. the energy matrices passed to ADAPT (see methods sections). If we make this trial for our TBP targets, we again find a pure binding sequence which is either GGGCCCTC for the 10 bp fragment or GGGCCCTT for the 16 and 24 bp fragments. These results enable us to establish an overall energy range of roughly 40-50 Kcal/mol for the fragments studied as predicted by the study of the energy matrices in the preceding section. Given that the average energies of deformation to create the TBP binding site range from roughly 90-110 Kcal/mol, this implies that surrounding sequence effects alone can modify deformation energies by roughly ±25%.
that the overall distribution of energy minima closely follow a Gaussian distribution, as shown in Fig. (2) for the 16 bp fragments and that the total range of deformation energies as a function of sequence is 45.3 Kcal/mol for the 10 bp fragments, 54.7 Kcal/mol for the 16 bp fragments and 55. 4 Kcal/mol for the 24 bp fragments. These values are again in good agreement with the predictions made on the basis of the energy matrices in section (i).
The 50 best sequences found by combinatorial searching can be used to learn more about the nature of the energy surface we are studying (namely an energy hypersurface in sequence space). We will consider the results obtained with the 10 bp fragments. By calculating and diagonalizing the Hessian matrices for these sequences we find that only 3 out of the 50 best sequences actually correspond to energy minima (that is, with no negative eigenvalues). These true minima are respectively, the 1st (tTATTTTTAa, 67.4 Kcal/mol), the 23rd (tTATAATTAa, 69.0 Kcal/mol) and the 33rd (tTATTTAAAa, 69.3 Kcal/mol). We have already discussed two of these sequences since the 1st sequence naturally corresponds to the global energy minimum found by combinatorial searching and the 33rd sequence corresponds to the minimum found by energy minimization. The third true minimum is again close to the globally optimal sequence (differing by two T↔A inversions, this time in positions 4 and 5) and to the globally optimal energy. All the remaining 50 best sequences have at least one negative eigenvalue. The number of negative eigenvalues tends to increase as the energy of the corresponding sequence increases and several sequences towards the end of our list have 5 or 6 negative eigenvalues. This trend is confirmed if we look at the 50 worst sequences, where all members of the list have at least 26 negative eigenvalues.
In order to check the quality of the energy minimizations we have carried out combinatorial searches for each of the pairs of conformations we have used. This implies calculating the energies of 4 N sequences for N base pairs, or, respectively, 1.05 x 10 6 , 4.29 x 10 9 and 2.81 x 10 14 for the 10, 16 and 24 bp fragments we have created. For the first two fragments, we have made a full combinatorial search, but for the longest fragment, we used the simplifications described in the methods section to find only the 50 best and worst sequences. The results are given in Table (1) . In each case, the combinatorial search has enabled us to find sequences that are more stable than those found by energy minimization. However, the energy gain is modest, ranging from 1.6 to 1.9 Kcal/mol for the three fragments tested. The global optimum binding sequence, TATTTTTA, is once again common to the 10, 16 and 24 bp fragments and it only differs from the sequence found by energy minimization by two T↔A inversions in positions 6 and 7. The global maxima located, also listed in Table ( 1), all have energies slightly above those located by energy maximization, but the difference is again small (less than 1 Kcal/mol). The corresponding binding sequences show more variation with respect to those found by energy maximization, AAAGCCT(T/C) versus GGGCCCT(T/C). We also remark These results explain why energy minimization is successful in locating very low energy sequences, even if it does not find the global minima. Although we are working in relatively high dimensional spaces, with respectively 30, 48 and 72 variables for our 10, 16 and 24 base pair fragments, the study of the Hessian matrices suggests that there are very few low energy minima and that the surface is thus strongly funneling.
This is perfectly compatible with the results found by combinatorial searching. The energy "spectrum" in Fig. 3 shows rapid fluctuations which sharply define sequences strongly favoring or strongly disfavoring binding. These variations are explained by the fact that TBP binding requires an important DNA deformation which opens the minor groove and bends the molecule in the direction of the major groove. A sequence which facilitates this change will produce a low deformation energy when is perfectly positioned with respect to the target conformation, but will be likely to produce a very large deformation energy when it is offset by a few base pairs and falls out of helical phase with the deformation it facilitates.
If we group together the best energy solutions, we can generate what amounts to a consensus sequence for our energy matrices. We have done this for the 10 bp fragment using all energies within a somewhat modest limit of 5 Kcal/mol from the global optimum energy of 67.4 Kcal/mol. The results are shown in Table ( 2). Given that we have only taken into account the deformation caused by TBP and not the specific TBP-DNA interactions our results are encouragingly close to the experimental consensus. Our approach yields kTATWWWWRn compared for Human TBP binding consensus of sTATAAAWRn given in the TRANSFAC data base [22] under the accession number M00252 (note K = G or T, S = G or C, R = A or G, W = A or T and N is a non-specific base). It is interesting to note that our major failing is not identifying clear cut A's in positions 5-7 and it is indeed at the first two of these positions that specific amino acid -base hydrogen bonds occur in the crystallographic TBP-DNA complex.
The lowest energy along this sequence falls at position 246, which, in this case, is the experimental HSP binding 
(iii) Gene Threading
Searching for TBP binding sites within genome sequences has been tested on 5 of the 23 binding sites for human TBP currently listed in the TRANSFAC database [22] . These test sites are listed in Table ( 3) and involve four human genes, heat shock protein (HSP), dihydrofolate reductase (DHFR), glial fibrillary acidic protein (GFAP), human sub-unit 6 small nuclear RNA (HSU6RNA) and one rat gene, platelet factor 4 (PF4). The corresponding sequences were retrieved from the database and used for threading against the TBP target and reference conformations with 10, 16 and 24 base pairs described above.
The overall results for the first gene, HSP, are shown in Fig. (3) for the 10 bp test conformations. This gene sequence contains 2691 base pairs. As it is threaded through the target and reference conformations, the energy necessary to create the TBP binding conformation varies by roughly ±20 Kcal/mol around an average value of roughly 90 Kcal/mol. site shown in Table (4). The energy spectrum in this region can be seen in more detail in Fig. (4a) . This figure also compares the results obtained with the 16 and 24 bp test fragments. These results show that the binding site falls exactly at position 246 with all three fragments. Indeed, there is very little variation between the corresponding energy spectra, beyond an overall shift to higher deformation energies as the test fragments become longer. These shifts of roughly 10 Kcal/mol in each case are again in line with the change of average TBP binding energies discussed above for the different test fragments.
Although the true binding site corresponds to the global minimum in the 10 bp energy spectrum, there are other favorable sites with very similar energies. Two examples of this are given in Fig. (4b) , which shows a minimum at 1077 and Fig. (4c) which shows two minima at 2601 and 2629. In fact, the latter region contains the global minima for the 16 and 24 bp fragments, which both fall at position 2629. The corresponding sequences are listed in Table (4). percent of the energy spectra. Not surprisingly, the optimal sites found by threading, listed in Table ( 5) , are generally closer to the TBP consensus. Similar tests were carried out for the DHFR, GFAP, HSU6RNA and PF4 sites. The results are presented in Tables 4 and 5 . The energy spectra obtained from the sequences containing these sites look very much like those shown for HSP. They cover a very similar energy range and also show the same increasing average energy values for the 10, 16 and 24 bp test fragments. None of these sites correspond to the global minima of the energy spectra, but they all fall in the low energy range of each spectrum. The details are given in Table (5) . We are searching for sites that typically fall within the 20-30 best minima of a given energy spectrum. Since, with the exception of HSU6RNA, the sequences studied contain 1500-2500 bp, this places the sites within the best 1%-2% of all possible binding positions. This corresponds to roughly the best 20% in terms of deformation energy.
Finally, an experimental study of the PF4 site [23] gives us the opportunity to look at the impact of a sequence mutation of gene threading. The PF4 site contains the sequence GATAAAA [370:376]. TBP binding to this site is inhibited by preferential binding of the GATA-1 factor. This situation can be reversed by a G to T mutation at position 370. The results of this mutation on the energy spectrum for the 10 bp TBP test fragments are shown in Fig. (5) . Changing G to T has a strong impact on the spectrum for positions at or just before the mutation. It notably lowers the binding energy for the minimum at position 370 by almost 5 Kcal/mol and changes this site from 28th to 3rd in the energy ranking. Similar results are obtained with the 16 and 24 bp fragments as shown in Table (5) .
CONCLUSIONS
It is also interesting to note that, with the exception of HSP, the sites we seek are rather far from the normal consensus target of TBP (compare the data in Table (2) and  Table (4)) . Despite this fact, they fall within the best few
We have developed an original method for analyzing genome sequences on the basis of the physical properties of the corresponding DNA. This approach, which combines a modified JUMNA program with a new program called ADAPT, is fast but conserves an all-atom model for the determination of the molecular properties. Given the energy analysis we have carried out, our approach can be viewed as an overlapping pentanucleotide model, but one in which the parameters describing each pentanucleotide are dependent on the position of the pentamer within the binding site and also on the nature of the binding site. These features make this approach much more detailed than current methods based on fixed tables of di-or trinucleotide properties.
1%-2% of possible sites, even when they are relatively far from the canonical consensus sequence of the protein.
It should be added in conclusion that this method can probably be improved by taking into account protein-DNA interactions, and we are working on this extension. It might also be necessary to consider other force fields or solvent representations. Happily, these changes in no way represent handicaps since the duration and complexity of the method used to generate the energy matrices for ADAPT have no impact on the speed of subsequently searching for potential binding sites. For a given DNA deformation, this approach can be used to locate the sequence which will minimize the corresponding deformation energy. This can be done with certainty by combinatorially searching all possible sequences. Although simple energy minimization does not currently locate the global minimum, the nature of the sequence space hypersurface presented here suggests that a minima-hopping optimization algorithm would probably have a good chance of succeeding and such tests are underway.
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